Abstract. This paper analyses monthly differences in drought impact on vegetation activity in a semi-arid region in the north-east of the Iberian Peninsula between 1987 and 2000. The study determines spatial differences in the effects of drought on the natural vegetation and agricultural crops by means of the joint use of vegetation indexes derived from AVHRR images, a drought index (standardized precipitation index), and Geographic Information Systems. The results show that the effect of drought on vegetation varies noticeably between areas, a pattern that is determined mainly by the location of land-cover types. The influence also varies each month and, in general, is higher during the spring and summer. Aridity and vegetation characteristics similarly account, in part, for spatial differences in the impact of drought on vegetation. In general, the most arid areas, where vegetation cover and activity are low, are those in which the interannual variability of vegetation activity is more determined by the drought occurrence. In assessing drought impact, this analysis takes into account the effects of drought on the vegetation and also considers spatial and seasonal differences. The results should be useful for the management of natural vegetation and crops and for the development of better drought mitigation strategies.
Introduction
Drought is a complex phenomenon, which is difficult to define (Wilhite and Glantz, 1985) . The term is used to refer to deficiency in rainfall, soil moisture, vegetation greenness, ecological conditions or socioeconomic conditions, and different drought types can be inferred (Wilhite and Glantz, 1985) . Nevertheless, drought is essentially a climatic phenomenon, a consequence of an abnormal decrease of precipitation (Palmer, 1965; Beran and Rodier, 1985) . In this study, drought is considered as a period when the precipitation is low in regard to long-term average conditions. Drought periods can result in significant losses to crop yields (Karl and Koscielny, 1982; Quiring and Papakryiakou, 2003) , increasing the risk of forest fires (Pausas, 2004) and triggering processes of land degradation and desertification (Schlesinger et al., 1990; Glantz, 1994; Bruins and Berliner, 1998) .
In the present context of climate change and increasing land degradation and desertification (Mabbutt, 1985; Le Houerou, 1996; Geist and Lambin, 2004) , being able to calculate the impact of a drought is crucial in determining the environmental consequences of a hypothetical change in climatic conditions. Indeed, a number of climate models have shown that drought frequency and intensity are likely to increase in several regions (e.g., Houghton et al., 2001) .
However, the spatial and temporal complexity of droughts hinders attempts to identify their impact, since drought intensity varies both with the time scale (McKee et al., 1993) and spatially (Oladipo, 1986; Bonaccorso et al., 2003; Vicente-Serrano, 2006a) .
The methods used to determine the effects of drought on vegetation are usually based on crop production yields (e.g., Alexandrov and Hoogenboom, 2000) , although tree ring analysis (Abrams et al., 1998) and experimental plots (e.g., Hanson and Weltzin, 2000) have also been used for this purpose. However, none of these approaches are able to consider continuous information in time and space. Moreover, differences in the effects of a drought between vegetation types cannot be easily analysed with these procedures.
The use of remote sensing data presents a number of advantages when determining drought impact on vegetation. The information covers the whole of a territory and the repetition of images provides multitemporal measurements (Kogan, 2001 ). In addition, vegetation indexes obtained from satellite data allow areas affected by droughts to be identified (Kogan, 1995 (Kogan, , 1998 McVicar and Jupp, 1998) .
In semi-arid lands, several studies provide evidence of the important role of precipitation variability in explaining the vegetation anomalies identified by means of remote sensing (e.g., Nicholson et al., 1990; Farrar et al., 1994; Santos and Negrı´n, 1997) . However, the assessment of vegetation vulnerability to water shortages, described by means of drought indexes, has been analysed in only a few studies (i.e., Gutman, 1990; Lotsch et al., 2003) . Ji and Peters (2003) have related the evolution in vegetation activity, quantified from remote sensing data, with the drought indexes on the Central Great Plains of the USA, showing a close relationship between both variables. In the same region, Teiszen et al. (1997) have reported a marked reduction in vegetation activity during dry years. Walsh (1987) and Peters et al. (1991) have also analysed the role of drought on vegetation activity by means of remote sensing in other regions of the USA.
Drought indices are particularly useful for monitoring the impact of climate variability on vegetation because the spatial and temporal identification of drought episodes is extremely complex. Moreover, drought impact on vegetation may vary as a function of water use efficiency (Le Houerou, 1984; Abrams et al., 1990; Kozlowski et al., 1991) . Drought duration may also lead to spatial differences in drought impact on vegetation (Ji and Peters, 2003; Wang et al., 2003) , while drought impact can vary as a function of the season of the year, since the water requirements of the vegetation can change markedly over a 12-month period (Dorenboos and Pruitt, 1976) . Thus, what is required are spatial analyses of drought impact that take into consideration different vegetation types and environmental conditions. Such analyses are enhanced when using remote sensing data.
In the Mediterranean region, some climate models today predict a decrease in precipitation levels during the 21st century (Jones et al., 1996; Gibelin and De´que´, 2003) , mainly during the winter and summer months (Raisanen et al., 2004; Rowell, 2005) . The spatial uncertainty of the predictions is important and the differences between models very high (Houghton et al., 2001) , but the models agree that the Mediterranean region would be one of those most affected by the precipitation decrease expected during the 21st century. This will serve to exacerbate drought episodes, land degradation and desertification. Thus, we urgently need to analyse the potential impact of drought on the Mediterranean semiarid ecosystems in order to identify the areas that are most vulnerable to drought. This paper analyses drought impact on vegetation in the northernmost semi-arid region of Europe, the middle Ebro valley. In this area, crop productions (Austin et al., 1998) and natural vegetation activity (VicenteSerrano et al., 2004) are mainly determined by soil water availability. The landscape of the valley is complex, with a variety of land-uses/covers, while there are major seasonal and spatial differences in the climate (VicenteSerrano, 2005) . Drought episodes are very intense; with the periods with no precipitations during more than 100 days being common (see more details in Vicente- Serrano and Beguerı´a, 2003) .
The objectives of this study are to determine (i) spatial differences in the drought impact on vegetation, (ii) whether there are seasonal differences in this impact, and (iii) whether the spatial differences in the drought impact are determined by land-cover types, aridity or vegetation characteristics.
The paper is organised as follows: Section 2 explains the geographic characteristics of the study area; Section 3 shows the methods used to process the remote sensing data, the calculation of the drought indices, the interpolation of the climatic data and the factors analysed to explain the spatial differences of drought influence on vegetation. Section 4 shows the results on the spatial and temporal differences in the role of droughts on vegetation, and Section 5 discusses these results and the general conclusions obtained in this paper.
Study Area
The middle Ebro valley (22,970 km 2 ) (Figure 1 ) is one of the most arid regions in the Iberian Peninsula. Surrounded by mountain chains, the valley has a Mediterranean climate with continental characteristics (Cuadrat, Figure 1 . (a) Location of the study area and 1: land-cover distribution, 2: elevation (meters a.s.l.), 3: annual aridity index (AI). Points in (3) indicate the location of precipitation observatories used for drought analysis. (b) Monthly average precipitation (grey bars) and temperature (black line) in some observatories (the location of these observatories indicated in a-2 elevation). 1999), where precipitation rates have marked spatial and seasonal differences, with the dry season occurring in the summer months. At the valley's centre, mean annual precipitation is 326 mm with a marked seasonality (see Figure 1) . The highest precipitation values are recorded in the mountainous areas of the north and south, mainly in spring and autumn. In the study area as a whole, there is a negative water balance (precipitationpotential evapotranspiration), this being particularly marked in the central areas (the deficit is greater than 900 mm). The lithology of the area is characterised by limestones and gypsums (Pen˜a et al., 2002 ) that contribute to its aridity, since the soils are unable to retain the water as a consequence of the high hydraulic conductivity (Navas and Machı´n, 1998) .
The area's landscape has been moulded over the centuries by humans and the natural vegetation has been altered substantially (Frutos, 1976; Pinilla, 1995) . During the second half of the 20th century, large areas were irrigated (Frutos, 1982) and land abandonment programmes instigated by the extensification policies of the European Union (Errea and Lasanta, 1993) . Today, the dominant land uses involve a mosaic of shrubs and pasture (mainly steppe areas) (35.7%) and the herbaceous cultivations in the dry farming areas (21.4%). Coniferous forests (mainly Pinus halepensis) cover 7.9% of the total surface. A large part of the study area is irrigated farming (20.8%). The steppe areas are characterised by dominant scrublands and herbaceous species, but the vegetation cover is sparse because of aridity, poor soils and frequent droughts (Vicente- Serrano and Beguerı´a, 2003) and vegetation activity is noticeably determined by water availability (Braun-Blanquet and Bolos, 1957) .
Methods

REMOTE SENSING DATA
A range of vegetation indexes based on remote sensing data have been used to monitor vegetation (Bannari et al., 1995) , with the most widely adopted being the normalized difference vegetation index (NDVI) (Tucker, 1979) . The data used in compiling the NDVIs are closely related to the radiation absorbed and reflected by vegetation in the photosynthetic processes (Gallo et al., 1985) . There are also close relationships with the vegetation biomass, the percentage of vegetation cover and the leaf area index (Tucker et al., 1981 (Tucker et al., , 1983 Wylie et al., 2002) .
Many studies report that the spatial and temporal differences in the NDVI are closely related to the climate in many environments (Eastman and Fulk, 1993; Ichii et al., 2002) . In fact, temporal variations in the NDVI may be representative of the vegetation's response to climatic variability Santos and Negrı´n, 1997; Potter and Brooks, 1998) . Thus, this index has been widely used to monitor ecosystem dynamics and to detect the spatial extent of drought episodes and their impact (Tucker and Choudhury, 1987; Groten and Ocatre, 2002) .
In this paper, to analyse drought impact on vegetation, monthly composite NDVI obtained from AVHRR images were used. The NOAA-AVHRR images are received by the Remote Sensing Laboratory of the University of Valladolid (LATUV) at full resolution (1 km 2 ). The images used were obtained from the NOAA-9, )11 and )14 satellites (afternoon passes). The data is received daily and carefully calibrated (Kaufman and Holben, 1993; Rao and Chen, 1999; NOAA, 2003) to avoid artefacts and inhomogeneities in the series caused by the changes of satellites and degradation of orbits (Kogan and Zhu, 2001) . The images are atmospherically corrected by means of a modification of the 5S code (Tanre´et al., 1990) considering mid-latitude atmosphere standard parameters. Finally, clouds are eliminated and the NDVI is calculated. Later, the NDVI images are geometrically corrected following Illera et al. (1996) . To avoid residual radiometric errors, and to compress the data volume, monthly NDVI composites are created using a maximum NDVI compositing algorithm (Holben, 1986) . Shadows can impact differently on the red and near-infrared bands, and the NDVI could be impacted by this. Nevertheless, although the band ratio (NDVI calculation) does not totally eliminate the problems caused by topography and view-Sun geometry, in low spatial resolution images the problems are not very serious. Burgess et al. (1995) analysed the topographic effects on AVHRR-NDVI considering mountainous spaces. They highlighted that in a complex topographic area errors caused by topography and shadows using 1-km NDVI data are approximately 3%. Therefore, it is reasonable to ignore high-order topographic effects such as sky occlusion and adjacent hill illumination.
Some gaps in the database caused by persistent cloud cover and by the failure of the NOAA-11 satellite between September and December 1994 were filled using highly reliable regression techniques applied to the data from other months. Gaps were lower than 5% of total and the maximum of consecutive pixels/months to be filled were 3 (only 3% of cases to be filled, with the exception of the gap between September and December of 1994). Some months with complete records were selected randomly to test the filling algorithm. The agreement between the real NDVI and the filled data was always higher than R 2 =0.83 (Vicente-Serrano, 2005) . A time series of monthly NDVI composites from January 1987 to September 2000 was used for analysis at 1 km 2 of spatial resolution (22,970 pixels). The NDVI data set developed by LATUV has been tested and widely used in the Iberian Peninsula to monitor vegetation (Gonza´lez-Alonso et al., 2001) , identify areas affected by drought (Gonza´lez-Alonso et al., 1995) , to analyse the forest fire risk (Illera et al., 1996b) , to predict crop yields (Vicente- and to determine re-vegetation processes (Vicente-Serrano et al., 2004b) .
The NDVI is determined by factors that include the vegetation type, ecosystem characteristics, phenology, soil, topography (Di et al., 1994) . For this reason the NDVI is not comparable in space, especially in non-homogeneous areas. Therefore, to analyse the climate impact on vegetation, the NDVI values have to be stratified to avoid the influence of environmental conditions. For this purpose, Kogan (1990) proposed a geographic filter that eliminates the proportion of the spatial variability of the NDVI related to the geographic and ecosystem characteristics. The NDVI value of each pixel is stratified between 0 (minimum NDVI) and 100 (maximum NDVI), yielding a new index denominated vegetation condition index (VCI), which is obtained according to (Kogan, 1990) :
where NDVI is the vegetation index, NDVI MIN,X is the minimum NDVI recorded during month X and NDVI MAX is the maximum NDVI during month X. The VCI allows climate impact on different vegetation types and ecosystems to be compared and has been widely used for this purpose in various countries, including the USA (Wannebo and Rosenzweig, 2003) , Argentina (Seiler et al., 2000) ; China (Kogan, 1998) ; Australia (McVicar and Jupp, 1998) and Mongolia (Kogan et al., 2004) .
DROUGHT INDEX CALCULATION
Various indexes using meteorological data have been used to quantify droughts (Heim, 2002) . However, the most widely used today is the standardized precipitation index (SPI), since it can be calculated at different time scales and hence quantify water deficits of different duration (McKee et al., 1993) . This index enjoys several advantages over the others. Calculation of the SPI is easier than on more complex indices such as the Palmer drought severity index (PDSI; Palmer, 1965) , because the SPI requires only precipitation data, whereas the PDSI uses several parameters (Soule´, 1992) . Moreover, the PDSI has some shortcomings in spatial and temporal comparability (Alley, 1984; Karl, 1986; Guttman, 1998) . The SPI is comparable in both time and space, and is not affected by geographical or topographical differences (Lana et al., 2001) .
The SPI has been used for drought analysis in a number of regions (e.g., Hayes et al., 1999; Bonaccorso et al., 2003; Vicente-Serrano et al., 2004c) and for analysing drought impact on crop production yields (Quiring and Papakryiakou, 2003; Vicente-Serrano et al., 2006a) and remote sensing data (Ji and Peters, 2003; Lotsch et al., 2003) .
The SPI is calculated from precipitation data, which means the quality of the index is ultimately linked to the quality of the precipitation series. The longer the series available, the better is the quality of the SPI (Wu et al., 2005) . Guttman (1999) suggests a minimum of 50 years of monthly precipitation records for calculating an accurate SPI. In this study, we used precipitation data from 41 stations recording data from 1950 to 2000 obtained from the National Institute of Meteorology (Spain) (for location of observatories, see Figure 1 (3)). To guarantee the quality of the data set, the series were checked by means of a quality control process that identified anomalous records (ANCLIM program, Sˇtı`pa´nek, 2004) . The homogeneity of each series was checked by means of the Standard Normal Homogeneity Test (Alexandersson, 1986) . Only one non-homogeneous series was identified, which was corrected following Alexandersson and Moberg (1997) . Finally, the remaining temporal gaps were completed using linear regressions with respective reference series.
The SPI is the number of standard deviations that the precipitation summarised during a period deviates from the long-term mean. Since precipitation is not normally distributed, a transformation is applied so that the transformed precipitation values follow a normal distribution. We calculated precipitation at time scales of 3, 6 and 12 months as these scales have been found to be useful for monitoring various drought types (Edwards and McKee, 1997) . The SPI was calculated in each observatory according to the Pearson III distribution and the parameters were calculated following the L-moment method (Sankarasubramanian and Srinivasan, 1999) . The complete procedure used for the calculation of the SPI is reported in Vicente- Serrano (2006a) . Table I shows the drought conditions corresponding to the SPI values, following Agnew (2000) , and based on the probability of occurrence of the SPI values. Figure 2 shows the evolution in the SPI at the time scales of 3, 6 and 12 months in Zaragoza (centre of the valley) between 1987 and 2000. The SPI was calculated at the 41 stations. However, to compare the VCI with the SPI at different time scales throughout the study area, we had to interpolate the SPI values, obtained for each month, at the same spatial resolution as that of the VCI images.
To obtain continuous maps of drought indexes, a local method of splines with tension was used (Mitasova and Mitas, 1993) , which in the middle Ebro valley has also been found to provide accurate maps of climate averages (Vicente- and time series of maps of drought indexes (see details in Vicente- Serrano, 2006b ). The maps were obtained at a spatial resolution of 1 km 2 so that they could subsequently be compared with the VCI data set. Figure 3 shows continuous 3-month SPI maps from January to March of 2000. This particular example shows the spatial complexity of droughts within the study area.
To determine the spatial and seasonal variations of the impact of drought on vegetation activity, correlation analysis each 1-km 2 pixel was carried out between the monthly SPI series at the time scales of 3, 6 and 12 months (hereinafter SPI 3 , SPI 6 and SPI 12 ) and the VCI series. Thus, the correlation maps indicate spatial differences in the impact of drought on vegetation activity. Correlations were considered significant at p<0.05.
ANALYSIS OF THE FACTORS DETERMINING SPATIAL DIFFERENCES IN DROUGHT INFLUENCE ON VEGETATION
A range of geographic and vegetation variables were used to determine the factors that lead to spatial differences in the influence of drought on vegetation activity. To determine the impact of land cover, the CORINE land cover map (CLC, 1990) was used. The CORINE ('Co-ordination of Information on the Environment) land cover map was an effort of the European Commission (EC) to map the land cover of member states. The CORINE map combines land cover and land use, giving 44 separate classes, in vector, displayed at a scale of 1:100,000 with a minimum mappable unit of 25 ha (For further details see e.g., Brown and Fuller, 1996) .
The spatial scale of the land cover map was adapted to the spatial scale of the VCI images by means of a mode criterion. Each 1-km 2 pixel was assigned to the land-cover type that represented the highest percentage of surface within the pixel. The spatial patterns of the most representative land-cover types within the study area were compared with the spatial distribution of the impact of drought on vegetation 1: dry farming areas (cereals), 2: irrigated lands, 3: deciduous forests, 4: coniferous forests, 5: shrubs and pastures (see Figure 1 for spatial distribution).
Additionally, the average NDVI and the coefficient of variation (CoV) of NDVI values were used to determine whether there were any differences in drought impact on vegetation as a function of the vegetation activity (described by means of the NDVI) and its temporal variability (described by means of the CoV values): where r is the standard deviation of the NDVI series in the pixel x and " x is the average of the NDVI.
Finally, the topoclimatic conditions were also taken into account in understanding spatial differences in drought impact on vegetation. For this purpose, a regression-based method, considering a range of geographic and topographic variables, was used to map the annual mean precipitation and annual air temperature at the same spatial resolution as that of the VCI images (1 km 2 ) (For further details, see Vicente-Serrano et al., 2003) . Aridity is the main climatic factor controlling the spatial distribution of vegetation activity in the study area (Vicente- . Thus, using the regression-based annual precipitation and temperature maps, an aridity index (AI) was obtained to summarise the general climatic conditions within the study area and to determine whether the spatial distribution of this factor also led to spatial differences in drought impact on vegetation activity. To obtain a general measure of aridity, an aridity index (AI) was calculated based on the ratio between the annual mean precipitation and the annual air temperature maps. This index has been widely used for climatic classification (UNESCO, 1979) and aridity quantification (Korzun et al., 1976; Botzan et al, 1998) . A low index value is indicative of a high degree of aridity. Figure 4 shows the evolution of the average VCI of the study area between 1987 and 2000. The main decrease was recorded in 1991-1992 and 1995-1996 coinciding with the main drought periods that affected this region (Vicente-Serrano, 2005) . On the contrary, between 1987 and 1988 and 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 IMPACT OF DROUGHT USING REMOTE SENSING between 1997 and 2000, although some temporal variability is also shown, a higher vegetation activity is observed, also coinciding with humid conditions (Vicente- Serrano, 2005) . Figure 5 shows the spatial and temporal average and standard deviation values of the monthly NDVI for the whole study area. On average, the highest NDVI values were recorded during the spring, with a marked rise occurring in the index between January and April, followed by a slower fall from here to the end of the year. This behaviour is determined by climatic seasonality: in winter, frequent frosts limit vegetation activity whereas in summer, the characteristic aridity reduces vegetation activity. Spring, due to available water and moderate air temperatures, is the season most favourable to vegetation activity and is when the highest NDVI values were recorded. The spatial variability in the NDVI (bars of 1 standard deviation values) was higher during the summer than in winter, because the irrigated lands and the active forests present marked differences in their vegetation activity compared to that of the dry-land agricultural areas and the steppes. By contrast, vegetation activity was very low during winter for all land-cover types and, therefore, a low spatial variability was recorded.
Results
SEASONALITY OF THE NDVI PATTERNS
Marked differences in the average monthly NDVI values as a function of land-cover type were recorded ( Figure 6 ). In April, maximum vegetation activity was recorded primarily in the dry-farming areas (cereals). In areas of shrubs, pasture and coniferous forests, seasonal differences were lower. In irrigated lands, the average NDVI values were higher than those recorded in other land-cover types as vegetation activity remained high during the summer months. The values of leaf area index (LAI) for these land cover types indicate important spatial and seasonal differences. The following values were obtained from MODIS images at a resolution of 1 km 2 (http://www.edcdaac.usgs.gov/modis/mod15a2.asp). The dry farming areas have a LAI between 1 and 2 in spring and values close to 0 after the harvest in summer. The coniferous forests have LAI values between 1.5 and 3 in spring and between 2 and 4 in summer. Finally, the shrub and pasture lands have LAI values between 0.5 and 1.5 in spring and between 0 and 0.5 in summer.
SPATIAL DISTRIBUTION OF CORRELATIONS BETWEEN VCI AND SPI
Figures 7-9 show the spatial distribution of correlations between the monthly series of VCI and the series of SPI 3 , SPI 6 and SPI 12 . The black lines isolate areas with positive and significant correlations (R ‡ 0.53, p < 0.05). For SPI 3 , large areas to the north of the study area showed significant correlations between the SPI and the VCI in January. These areas are mainly covered by cereals that start to grow in this month. In March and April the correlations were lower. The relationship between SPI 3 and the VCI was more significant (lower p values) between May and July, although somewhat patchy, and no consistent spatial patterns according to land-cover type can be identified. The sole exception was the low correlation found in the irrigated lands. Between August and December, the correlations fell dramatically throughout the study area. In this period, the crop-cycle in cereals has finished (July harvesting), while the activity of natural vegetation is reduced because of the fall in temperature. Figure 8 shows the monthly correlations between the VCI and SPI 6 . The seasonality of correlations and spatial patterns change markedly in comparison to those recorded for SPI 3 . The magnitude of correlations in January and February was not as great. This indicates that in winter, vegetation activity over large areas is more closely determined by the precipitation of the previous 2-3 months than the rainfall recorded over longer periods. By contrast, the percentage surface area presenting correlations with an R-value ‡0.53 increased in March and April compared to the figures for SPI 3 . Between April and June, positive and significant correlations were recorded in the centre of the valley, where the land cover is dryfarming, shrubs and pasture. In July and August, no significant correlations were recorded in the irrigated lands, or in the forests located to the north and south-east. This indicates that in the natural vegetation areas of the centre of the valley, including shrubs, pasture-lands and the coniferous forests, the interannual variability in vegetation activity during the summer is determined mainly by the cumulative precipitation that falls in spring since the correlation between SPI 3 and the VCI was very low during these months. In common with SPI 3 , non-significant correlations between the VCI and SPI 6 were recorded during the autumn throughout the study area. Figure 9 shows the spatial distribution of monthly correlations between the VCI and SPI 12 . Significant correlations were recorded in the spring (April-May) in most of the study area with the exception of the irrigated lands and the forests of the north and south-east. During the spring, the irrigated lands are in the early stages of the vegetation cycles for the majority of cultivations and the needs of water are less important that during the periods of higher evapotranspiration (summer). In the forests located in the mountains of the north and south the higher vegetation activity is recorded later (June-July) and the lower correlations found during the spring months could be related with the differences in phenology in relation to the shrubs, pastures and coniferous forests of the centre of the valley, which are more active during April-May. Figure 10 shows the percentage of each land-cover type for which significant correlations between the VCI and the SPI were recorded (R-value ‡0.53). For SPI 3 , a large proportion of the dry-farming and irrigated lands presented significant correlations in January and February. Between May and July, about 35-40% of the surface of each land-cover type presented significant correlations, while deciduous forests presented the lowest surface percentage. For SPI 6 , a large proportion of dry-farming areas (>30%) presented significant correlations in April and May between the VCI and the SPI. The percentage surface area with significant correlations increased during the summer for each of the land-cover types. However, marked differences were found as a function of land cover. Dry-farming areas, coniferous forests and shrubs and pastures presented a higher surface area with significant correlations (>60% of the surface) than did irrigated lands and deciduous forests. For SPI 12 , large areas presented significant and positive correlations between SPI 12 and the VCI during the spring, above all areas of dry-farming, coniferous forests and shrubs and pasture-lands. Table II shows the correlations between the average VCI and the 3-, 6-and 12-month SPIs for each land-cover type and month. The correlation values were obtained from the average of the whole pixels corresponding to each land-cover type. Therefore, there is a smoothing of the concrete SPI-VCI relationships that reduces the R-values as a consequence of the spatial diversity. For this reason, in order to highlight the observed relationships, when p<0.1, the significant R-values are also shown, thus allowing consideration of a more relaxed threshold. For SPI 3 , positive and significant correlations were recorded in dry-farming areas in January and also between May and July. For all other land-cover types, the number of significant correlations (p < 0.1) was smaller. All correlations were negative during the autumn. This behaviour could be determined by two different processes as a function of the late summer/early autumn (SeptemberOctober), when the soil is likely to be dry and the activity in the areas of natural vegetation is low when the annual vegetation cycles are ending, and late autumn/early winter (October-November) when the low air temperatures will limit growth of vegetation and the water availability would not play a major role.
SPATIAL DIFFERENCES IN THE SPI-VCI RELATIONSHIPS AS A FUNCTION OF THE SPATIAL DISTRIBUTION OF LAND-COVER TYPES
For SPI 6 , significant correlations were recorded in April and July, these were highest in coniferous forests and shrubs and pasture-lands. Finally, for SPI 12 , the highest correlations were recorded in April and May, with marked differences found between land-cover types. The highest correlations were recorded in the dry-farming areas and shrubs and pasture-lands (see Table II ).
Therefore, marked seasonal differences can be found between the SPI-VCI correlations as a function of the time scales of SPI and the land-cover type. The strongest correlations were recorded in the dry-farming areas, the coniferous forests and in the shrubs and pasture-lands. However, Figures 7, 8 and 9 reveal marked spatial differences in these correlation values within the same land-cover type. Figures 11 and 12 highlight examples of these differences by examining two representative dry-farming areas (cereals) and two areas of coniferous forest. IMPACT OF DROUGHT USING REMOTE SENSING Figure 11 shows the VCI-SPI 3,6,12 relationships in two different dryfarming areas. Figure 11a shows the relationships in the north of the study area (La Hoya de Huesca), where annual mean precipitation is 600 mm (the sample is obtained by means the average of 12 pixels -12 km 2 -of dry-farming in this area). The relationship between the VCI and the SPI was not strong and correlations were non significant in all cases (R=0.30, R=0.36 and R=0.03 for the 3-, 6-and 12-month SPIs, respectively). By contrast, in Belchite (Figure 11b ), a region in the centre of the valley, where annual precipitation is 320 mm (the sample is obtained by means the average of 18 pixels -18 km 2 -of dry-farming in this area), the relationships between the VCI and the SPI, independent of time scale, were very strong. Significant correlations being recorded between the VCI and the SPI at the different time scales (R=0.68, R=0.59 and R=0.69 for the 3-, 6-and 12-month SPIs, respectively).
A similar behaviour was recorded when comparing two coniferous forest areas, although with lower differences between dry and humid regions in relation to the dry-farming areas. One of the forests is located in the north (Pyrenees) (12a), in an area with an annual precipitation of 850 mm, and the other in the centre of the valley (Sierra de Alcubierre) (12b), with a mean precipitation of 550 mm. In the first of these forest areas, the only significant correlations (p < 0.05) were recorded between the VCI and the SPI at the time scale of 6 months (R=0.40, R=0.58 and R=0.46 for the 3-, 6-and 12-month SPIs, respectively). By contrast, the coniferous forests in the centre of the valley presented higher correlations between the VCI and the SPI on the different time scales (R=0.50, R=0.73 and R=0.58 for 3-, 6-and 12-month SPIs, respectively). In general, the R-values are higher for all land-covers for the period between April and August. This is the period when the water stored in the soil for several months (e.g., summarised by means of the SPI 12 ) is actively transpirated by the vegetation. In the Ebro valley, a number of experimental studies have shown that water availability during the germination period is a significant determinant of cereal development (Alberto and Machı´n, 1978; Martı´, 1992; Austin et al., 1998) , which would explain the high correlations recorded during this period (April) between the VCI and the SPI.
THE INFLUENCE OF VEGETATION CHARACTERISTICS AND CLIMATIC CONDITIONS ON SPATIAL DIFFERENCES IN THE SPI-VCI CORRELATIONS
The spatial distributions of the temporally averaged NDVI, CoV (coefficient of variation of the NDVI) and the aridity index (AI) were analysed in order to identify the environmental variables that determine the spatial differences in the VCI-SPI correlations. For this purpose, the April data were selected, since the highest annual vegetation activity in most of the land-cover types was recorded during this month. Moreover, SPI 12 was selected for analysis since, first, it best reflects wet and dry conditions throughout the year and, second, this time scale had the most marked effects on the VCI in April. Figure 13 shows the relationships between the SPI 12 -VCI correlations and the average NDVI, the CoV and the AI. Irrigated lands were not considered for analysis. The correlation between the spatial distribution of correlations between the VCI and SPI 12 and the average NDVI was R=)0.54. The correlation with the spatial distribution of CoV was R=0.39 and, finally, the correlation between the spatial distribution of correlations between VCI and SPI 12 and the spatial distribution of the Figure 13 . Relationships between the spatial distribution of the correlations between the VCI and the SPI 12 , the average NDVI, CoV and the aridity index (AI). The 4,805 irrigation pixels were not included in this analysis, 18,165 pixels remain. aridity index was R=)0.46. The high number of records analysed (18,365 pixels) makes difficult to know if these correlations are statistically significant because the degrees of freedom are very high. For this purpose the total data base was divided in 908 random sub-samples of 20 pixels and correlations between the SPI 12 -VCI relationship, NDVI, CoV and AI calculated for each sub-sample. The average R values obtained for each subsample coincides with those values obtained for the complete dataset, and significant values (considering 20 values, R ‡ 0.44, p < 0.05) are 65.4, 28.1 and 64.0% of correlations for the NDVI, CoV and AI, respectively. Therefore, the average R-values (from sub-samples of 20 values) are only significant for the NDVI and AI, whereas the correlation between the spatial distribution of SPI 12 -VCI correlations and the CoV is non-significant. If irrigated lands are included in the analysis, the correlations fall noticeably: R=)0.39, R=0.27 and R=)0.36, for NDVI, CoV and AI, respectively.
Therefore, considering the whole study area, the correlation between the SPI and the VCI is, in general, higher in areas with a low vegetation cover/activity (low average NDVI values). This could indicate that areas that have a low vegetation cover/activity are more prone to the effects of drought than areas with a higher vegetation cover.
However, the opposite is the case if we compare the spatial distribution of the VCI-SPI 12 correlations and the CoV values. Thus, areas that record a high interannual variability of NDVI values are more affected by drought than areas with a low interannual variability of the NDVI, although in this case the correlation is non-significant. Finally, the relationships between the spatial distribution of the AI and the VCI-SPI 12 correlations indicate that the most arid areas are also more prone to the effects of drought than are the humid regions.
Therefore, taking the study area as a whole, the regions characterised by high aridity, low vegetation cover and high CoV values are those where drought has the greatest impact on the interannual variability in vegetation activity. The most humid regions, characterised by higher vegetation cover and a low interannual variability in their NDVI values, are less prone to drought.
Many of the ecosystems with low vegetation cover are located in areas with high aridity (Vicente- ). In the steppe areas of the centre of the valley, composed of herbaceous plants and shrubs, the vegetation is adapted to deal with regular dry conditions, and has a herbaceous component in the seed-bank that could expand quickly when water resources become available. Thus, the higher correlation between the VCI and the SPI 12 found in areas of low average NDVI values and high aridity could also be interpreted as a greater ability to expand the activity and the leaf area index during the humid periods and, therefore, also related to higher water use efficiency by arid ecosystems.
To assess this, the ratio between the average annual NDVI and the average annual precipitation was calculated for the different land-uses. In general, the total vegetation productivity for unity of water is a good measurement of the water use efficiency of the ecosystems to produce vegetation biomass (Le Houerou, 1984) . The NDVI has been widely used for this purpose (e.g., Nicholson et al., 1990; Tucker et al., 1991) .
The results show that there are no important differences between the different land cover types (Table III) . For the whole study area (column 1), the higher efficiency is recorded in the irrigated lands (11.4) as a consequence of irrigation. However, between the remaining land covers, where the vegetation activity depends directly on precipitation, the differences are not important. If the analysis is made considering independently the dry (AI < 17 -median value for the whole study area) and humid areas (AI > 17), a higher water use efficiency is recorded in the driest areas but no important differences are observed in relation to the most humid regions neither between the forests and the steppe areas.
Therefore, the higher correlations between NDVI and SPI 12 found in the arid and low vegetated areas would not be related to a great ability to respond to the most humid periods. This is confirmed when the SPI 12 -VCI relationships are shown in the shrubs and pastures located in the centre of the valley (most arid regions, AI < 14). Figure 14 shows the relationship between the SPI 12 and the VCI in these areas between 1987 and 2000. Low VCI values correspond to SPI's below 0. On the contrary, there are no differences in the VCI between the years with normal conditions (SPI % 0) and the humid years (SPI > 0.5). Thus, a non-sensitivity of the vegetation activity to the SPI values higher than 0 could be inferred, which reinforces the fact that the highest SPI 12 -VCI correlations found in the most arid lands are mainly determined by the negative response to the drought periods.
The results obtained might be affected by the spatial distribution of the land-cover types. For this reason the spatial differences in the SPI 12 -VCI Table III . Average values of the ratio between the average annual NDVI (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) and the annual precipitation. The column 1 indicates the ratio for the whole study area, and the columns 2 and 3 show the ratio for the dry (AI < 17) and humid areas (AI > 17).
correlations as a function of the AI, NDVI and CoV were also analysed independently in the main land-cover types of the study area. These results have been summarised in Figure 15 . The correlation between the spatial distribution of the SPI 12 -VCI correlations and the average April NDVI for different land-cover types are generally negative. However, the magnitude of these correlations varied noticeably between different land-cover types. In the irrigated lands the correlation was non-significant (p < 0.05). More robust negative correlations were recorded in the dry-farming areas (R =)0.55, p < 0.05), deciduous forests (R=)0.70, p < 0.05) and shrub and pasture-lands (R=)0.46, p < 0.05). The correlation in the coniferous forests was lower and non-significant (R=)0.29). As a consequence of the large data base the signification of correlations was evaluated by means of the average R-values from random sub-samples of 20 values, as explained above.
The relationships between the spatial distribution of correlations between the SPI 12 and the VCI and the spatial distribution of the April CoV for different land-cover types were lower than those recorded for the average NDVI. The lowest correlation was also found in the irrigated lands (R=0.17). In the dry-farming and the shrub and pasture lands the correlations were higher (R=0.30 and R=0.36, respectively) but not statistically significant. Only in the areas of deciduous forests were the correlations significant (R=0.49, p < 0.05).
Finally, the relationships between the SPI 12 -VCI correlations and the spatial distribution of the aridity index (AI) were higher than those between NDVI and CoV values and significant differences were found as a function of land-cover. The highest correlation was recorded in the dryfarming areas (R=)0.59, p < 0.05). In areas of natural vegetation, correlations were lower, and they were also significant in the coniferous forests (R=)0.46, p < 0.05) and shrub and pasture-lands (R=)0.46, p < 0.05). In the deciduous forests the correlation was non-significant (R=)0.41, p < 0.05), while similarly in the irrigated lands there was no relationship between the variables (R=)0.04).
Discussion and Conclusions
The complexity of the drought phenomenon hinders our full understanding of their impact. This paper has shown that the effects of drought on vegetation can be highly diverse, varying with different factors including the month, land-cover type, vegetation characteristics (described by means of the NDVI), topoclimatic conditions, and the time scale of the episode. Moreover, there may be other important factors not included in this study that also can affect the spatial differences of the influence of drought on vegetation.
In the middle Ebro valley (the northernmost semi-arid region in Europe), droughts have a notable impact on vegetation activity. Large areas present significant correlations between the VCI series obtained from AVHRR images and the SPI series. However, this impact is not homogeneous in space or time.
In the middle Ebro valley, the main impact of drought on the interannual differences in vegetation activity occurs in spring and summer. In these seasons, vegetation activity is highest and the role of water availability is most influential (Braun-Blanquet and Bolo´s, 1957) . By contrast, the cold temperatures and the frequent periods of frost recorded in winter and autumn limit vegetation activity and, therefore, although droughts occur during these periods, the role of drought is not as influential as that of low air temperature. Marked seasonal differences in the impact of drought on vegetation have been recorded elsewhere. Ji and Peters (2003) have shown that on the Great Plains of the USA the main impact of drought on vegetation activity -quantified by means of the NDVI -occurs during the period of greatest vegetation activity (spring-summer), while lower correlations are recorded at the beginning and end of the vegetation growth season.
Differences in the VCI-SPI correlations have been found as a function of the SPI time scales. In general, during the germination period in cereals, shrubs and pastures (months when a high vegetation activity is recorded), the 12-month time scale shows the highest correlation with the VCI in large areas. This indicates that vegetation activity during this critical period is mainly determined by the precipitation that has fallen over the last 12 months. The patterns and values of correlations are very similar to those obtained at the time scale of 6 months, which indicates that the winter precipitation would have the main role in explaining the interannual differences of VCI.
Studies that have analysed the precipitation-NDVI relationship show that the correlations between the two parameters are higher when considering the cumulative precipitation over a period of just several months (e.g., Davenport and Nicholson, 1993; Wang et al., 2001) . Wang et al. (2003) , for example, have indicated that the dry-farming and pasture productions on the Great Plains of the USA are not only determined by the precipitation recorded during the year but also by the precipitation that fell in the previous year. These studies showed that the levels of soil moisture (determined by previous year precipitation) at the start of the cultivation cycle are the main factor in accounting for the subsequent NDVI. These initial levels of moisture at the beginning of the growing season, which condition vegetation activity, are best summarised by means of a wide time scale for the drought index (i.e., SPI 12 ).
Spatial differences in drought impact on vegetation activity are closely related to land-cover type and to topoclimatic conditions. In general, dryfarming, shrubs and pasture-lands are more prone to the effects of drought than are irrigated lands and the deciduous forests, although some areas of coniferous forest can also suffer the impact.
The highest correlations between the VCI and the SPI have been recorded in dry-farming areas. Bennie and Hensley (2001) have pointed out that, in regions with annual precipitation below 600 mm, farms require a greater surface area than those in humid areas to ensure adequate cereal production because of the greater risk of soil degradation and the lower productivity of crops. A similar behaviour has been reported in the shrub and pasture-lands of the centre of the Ebro valley, areas that have undergone major human modifications. Even during years of normal rainfall, these vegetation communities have difficulties in developing their activity and in advancing towards more mature stages (Braun-Blanquet and Bolo´s, 1957) . Thus, during drought episodes, these communities suffer the effects of water shortages with even greater intensity. Differences in the correlation coefficient values have also been recorded within the same land-cover type as a function of the average NDVI and climatic aridity. The impact of climate variability and drought on vegetation activity is most marked in the most arid areas. In semi-arid regions, vegetation responds rapidly to spatio-temporal variations in soil moisture (Le Houerou, 1984; Bonifacio et al., 1993; Sannier and Taylor, 1998) . In general, vegetation located on the limits of its environmental distribution is more vulnerable to climatic variability than that which is located in areas of adequate climate conditions for vegetation activity (Fritts, 1976) .
To understand the role of precipitations on NDVI, it should also be taken into account that in humid regions the high precipitations cannot be used in its entirety by the vegetation. Therefore, there is a threshold of precipitation that increases the values of the drought index but does not necessarily increase the vegetation activity. Thus, the higher precipitations recorded in the north and south of the study area could be indicative of a lower sensitivity of the vegetation in relation to the variability of water resources. The NDVI saturation in relation to precipitation has been widely documented (e.g., Malo and Nicholson, 1990; Davenport and Nicholson, 1993; Santos and Negrı´n, 1997) , indicating that the NDVI increases according to the precipitation until a threshold is reached. Above this threshold of precipitation, the NDVI would be non-sensitive.
Also, some physiological aspects must be taken into account to explain the strong differences found in the SPI-VCI relationships. The lower VCI-SPI correlations found in the forests in relation to the dry-farming areas and the shrubs and pastures could be related to the deeper root systems of the forests, which would diminish the effect of the water shortages of short duration. Orwing and Abrams (1997) and Jonsson et al. (2002) , among others, have shown that the forests respond better to the drought indices that record the low-frequency variability of water resources. This indicates that the forests can be non-sensitive to short droughts but the longest and most intense droughts can affect the physiological structure and thus take longer to recover their normal activity. On the contrary, in the semi-arid regions, the dominant herbaceous and shrub cover develops shallow root systems which do not allow plants to reduce the negative impact of prolonged water shortages. In the study area, Castro-Dı´ez and Montserrat- have indicated that the root systems of the common shrubs and herbaceous species of the centre of the Ebro valley (e.g., Thymus s.p., Rosmarinus officinalis, Lonicera implexa) are superficial systems of a depth of less than 1 m.
The high level of dependence of the vegetation cover in arid regions on water availability has been reported elsewhere. Abrams et al. (1998) have analysed the effects of drought on US forests. These authors have reported marked spatial variations in the response of forests to drought as a function of average climate conditions, indicating that forests located in the driest regions are more sensitive to drought occurrence. Nicholson et al. (1990) have also shown, by means of remote sensing, that the humid forests of East Africa show a low interannual variability in their NDVIs, even though annual precipitation fluctuates noticeably. However, in shrubs and pasture-lands the same authors have reported a significant response of the NDVI to annual precipitation. In Brazil, Santos and Negrı´n (1997) have also shown a stronger relationship between precipitation and NDVI in dry areas than in humid regions.
In the middle Ebro valley, the soil formations in the most arid areas may also play an important role in exacerbating the effects of drought on vegetation. In the centre of the valley, the soils are predominantly composed of limestone and gypsums which are poor retainers of water. Moreover, these soils are very fragile, exhibiting general land degradation and specific soil erosion (Navas and Machı´n, 1998) , and this may in part prevent the development of a high amount of vegetation cover (Guerrero et al., 1999) . This paper has demonstrated, in line with other studies , that the impact of vegetation on climate variability, including drought, can vary spatially. In some ecosystems this behaviour could not be related to a higher vulnerability to drought. The steppes (composed of shrubs and pastures) located in the areas regularly impacted by dry conditions, have adapted strategies to deal with climate variability and droughts (Pedrocchi, 1998) . Thus, the decrease in the vegetation activity in relation to drought is a normal behaviour of these ecosystems. Nevertheless, although this hydro-ecological equilibrium can be identified in some ecosystems, the vegetation cover in the middle Ebro valley has also been modified for centuries by humans (e.g. Frutos, 1976) . Large areas have a vegetation cover not well adapted to climate variability, in which drought noticeably affects the vegetation's variability, as Creus and Saz (2004) have shown in the reforestations located in the arid areas of the centre of the valley. Also, in the introduced crops, the high role of droughts on the VCI variability recorded in the driest areas is related to higher economic losses for farmers and, thus, to a higher socioeconomic vulnerability to drought. Moreover, although the vegetation of the steppe areas is well adapted to the drought variability, a higher vulnerability could be inferred to the economic activities that use the pastures of the driest regions, such as the extensive livestock based on sheep flocks, which are very important for the socio-economy of the region (Errea and Lasanta, 1993) . Sheep raising would suffer important economic losses during the dry years as a consequence of the low pasture availability and the need to contribute with complementary food to maintain the livestock.
The monthly maps showing the correlation between the VCI and the SPI are empirical analyses of ecologic and/or economic vulnerability (a high positive correlation indicates greater ecologic or economic vulnerability to drought). These analyses complement other spatial approaches based on agroclimatological studies , while adding information regarding natural vegetation vulnerability and seasonal differences on the effects of drought. The use of such maps should improve drought management plans and play a large role in mitigating the impact of such episodes.
